Evolutionary innovations are qualitatively novel traits that emerge through evolution and increase 26 biodiversity. The genetic mechanisms that lead to innovation remain poorly understood. A systems 27 view of innovation requires the analysis of genotype networksthe vast networks of genetic 28 variants that produce the same phenotype. Innovations can occur at the intersection of two different 29 genotype networks. Here, we use high-throughput sequencing to study the fitness landscape at the 30 intersection of the genotype networks of two catalytic RNA molecules (ribozymes). We determined 31 the ability of numerous neighboring RNA sequences to catalyze two different chemical reactions. 32 We find extensive functional overlap, and over half the genotypes can catalyze both functions to 33 some extent. We demonstrate through evolutionary simulations that these numerous points of 34 intersection facilitate the discovery of a new function. Our study reveals the properties of a fitness 35 landscape where genotype networks intersect, and the consequences for evolutionary innovations. 36 37 MAIN TEXT 38 39
Introduction 40
The mechanisms by which evolution produces new functions has intrigued biologists since 41 the earliest formulations of evolutionary theory (1, 2) . Random genetic changes and natural 42 selection would seem to prevent novelty by keeping populations near genotypes at the peaks 43 of fitness landscapes, preserving existing forms at the expense of novel mutants (3) (4) (5) (6) . Models 44 to explain the origins of new functions often invoke gene duplication events, which create 45 redundancy needed to allow either copy to eventually evolve toward a new function (7-10). 46 However, the fitness landscape between old and new functions has been difficult to study 47 largely because of the vast number of possible genetic variants for any given gene. As a result, Empirical fitness landscape at the intersection of two genotype networks 93 We obtained fitness measurements for all 16,384 RNA sequences for both RNA phenotypes. For 94 visualization of the resulting genotype networks, we plot the data as a network graph, where each 95 node is a unique sequence, nodes are connected if they differ by a single mutation, and the fitness 96 is represented by the size of the node (Fig. 1) . Each node is colored based on the dominant activity, 97 with HDV in red and Ligase in blue. Fitness values were normalized such that fitness = 1 for the 98 reference ribozyme, previously referred to as the "prototype" (23). This representation of the data 99 allows a visual appraisal of the proximity of the two genotype networks. In general, both networks 100 are characterized by a decrease in fitness with distance from the reference. The region where the 101 two networks are in closest proximity contains sequences with low activity for either function. Still, 102 we find that numerous genotypes in the two networks are proximal, and numerous distance 103 measurements are required to characterize the mutational distance between the networks. 104 105 Proximity and functional overlap of the two genotype networks 106 To quantify the average distance between the two genotype networks, we measured the mutational 107 distance between every genotype on one network and the nearest genotype on the other network 108 ( Fig. 2A ). We find that this distance depends upon whether or not a lower bound is set for genotypes 109 to be considered a member of the genotype network. We find that the average distance between the 110 networks decreases as the fitness cut-off is lowered ( Fig. 2A ). For example, if "wild-type" activity 111 is required (fitness > 1), the two networks are separated by ~7 mutations on average ( fig. S1 ). 112 However, if molecules with 10% of wild-type activity or better are considered part of the network, 113 then most genotypes are only 1-2 mutations from the other network. 115 Surprisingly, if we do not set any fitness cut-off, and count all genotypes as being a part of a network 116 as long as they were detected as catalytically active in all three replicates of our assay, we find that 117 over half the molecules can actually perform both functions ( Fig 2B) . The precise count of 118 intersection sequences depends on our minimum read depth requirement. If we require that each 119 sequence must be detected as active (cleaved/ligated) three times and at least once in each replicate, 120 we find 9,032 intersection sequences. If we require that each sequence needs more than one 121 observation in at least one replicate, we find 8,805 intersection sequences. These requirements were 122 based on the probability of sequence errors in our data ( fig. S9C ). Most of these dual-function 123 intersection sequences have very low fitness for both functions, and not surprisingly, no single 124 sequence had higher than wild-type fitness for both functions (log10(fitness) > 0). However, several 125 sequences do show detectable levels of activity for one function and higher than wild-type fitness 126 for the other function. Under many evolutionary scenarios, these genotypes would be the most 127 likely to facilitate a molecular innovation because they would be favored if selection was acting on 128 only one function, yet would already provide the new function as a suboptimal promiscuous 129 function (24, 25) . These results demonstrate that the genotype networks have substantial overlap 130 with numerous intersection sequences.
occurring HDV genotype as the established function and the in vitro selected Ligase activity as the 140 "new" function. We modeled a situation where the enzymatic function of the HDV ribozyme is first 141 under selection, but gene duplication allows a copy of the gene to evolve under selection for Ligase 142 activity. We therefore apply immediate selection pressure using the Ligase fitness measurements, 143 with no further consequence for the changes in HDV activity. For these simulations, it is useful to 144 visualize the genotype networks as a landscape where the height of the landscape is determined by 145 the fitness ( Fig. 3A and movie S1). In our simulations, evolving populations will tend to move 146 uphill towards peaks, defined as sequences where all 1-mutation neighbors have lower fitness. The 147 crossing of fitness valleys to get from low-fitness peaks to higher-fitness peaks is allowed in our 148 simulations but requires a stochastic series of less likely events. We started multiple simulations 149 from different genotypes on the HDV network and challenged the populations to evolve on the 150 Ligase fitness landscape. We recorded these simulations as movies to observe the process of 151 evolution toward the new Ligase function (Fig. 3B and movie S2-S5).
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We noticed that many of the individual simulations had periods where the mean fitness of the 154 population plateaus at a specific, often low value for many generations (Fig. 3B) . To evaluate the 155 average contribution of these periods of stasis, we repeated the simulation 100 times and plotted 156 the average fitness of the evolving population over time (Fig. 4A, fig. S2 ). We carried out 100
Additionally, we found that there exist specific genotypes on the Ligase fitness landscape that 164 caused these periods of stasis and slower average rates of adaptation ( Fig. 4F, fig. S3 -S4). These 165 genotypes are local peaks that are characterized by very few pathways to higher fitness. 166 Importantly, the genotypes that caused the slowest rates of adaptation are characterized by extensive 167 reciprocal sign epistasis, meaning that achieving higher fitness requires two or more mutational 168 steps, but every initial step is deleterious. Specific starting genotypes on the HDV network 169 frequently stalled at the same intermediate fitness level indicating that they were likely to encounter 170 a specific stasis-causing fitness peak. The consistent rates of adaptation from multiple simulations 171 are encouraging for efforts aimed at forecasting evolutionary outcomes, especially in cases where 172 the underlying fitness landscape can be measured or accurately estimated (28, 29) .
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We next repeated the evolutionary simulations from the opposite perspective, starting with 175 genotypes from the Ligase side of the landscape with selection for improved HDV function. This 176 scenario models Ligase as the original function, and HDV self-cleavage as the new function that is 177 under selection following gene duplication. Surprisingly, we found that all of these simulations got 178 stuck at very low fitness for the full 1000 generations ( Fig. 4C, fig. S5 ), resulting in significant 179 slower rates of adaptation (Fig. 4E) . We note that the simulations were done under identical 180 population size and mutation rate, and we therefore attribute the different evolutionary dynamics to 181 properties of the fitness landscapes. The property identified that was likely to dictate evolutionary 182 dynamics was the ruggedness of the landscape. We find that the HDV landscape is much more 183 rugged than the Ligase landscape, with more peaks and more extensive sign epistasis. The HDV 184 landscape has 982 peaks while the Ligase landscape has only 68, caused by more frequent instances 185 of sign epistasis. The severity of sign epistasis is also higher on the HDV landscape, which can be 186 seen in the extreme values in Fig. 1C . 187 188 Co-selection model of evolutionary adaptation 189 We also modelled a scenario where both functions were simultaneously under selection and each 190 function contributed to fitness (fig. S6-S7). For these simulations, we assigned each genotype a 191 fitness that was calculated by summing the HDV and Ligase fitness values, each multiplied by a 192 weighting parameter that could be adjusted. Before summing, we normalized the data by dividing 193 each fitness values by the maximum fitness value in that landscape, such that the maximum fitness 194 of both functions was fitness = 1. We found that under this scenario, the function that was weighted 195 more heavily would be optimized at the expense of the function with lower weighting. Interestingly, 196 when both functions were given equal weight, the "choice" was stochastic and either HDV or 197 Ligase could be optimized. We did not observe any instances where the population remained split 198 with some genotypes being selected for high HDV fitness and others with high Ligase fitness. This 199 suggests that prior to gene duplication a given population is likely to have genes that are optimized 200 for one function, or the other, but not both. This scenario assumes a constant environment. is more challenging than evolving in the reverse order. In addition, we found that the specific 210 properties of genotype networks can dictate the rate of evolutionary adaptation of the new function. 211 The Ligase landscape is less rugged with fewer peaks which allows the more rapid evolutionary 212 adaptation of the new function. Taken together, we propose that ancient genes that duplicated and 213 enabled radiation events (32) may be characterized by both significant functional overlaps and a 214 robust genotype network. This provides insight into how intersection sequences promote the 215 evolution of new functions and enable the expansion of biodiversity. Further investigations into 216 intersection sequences and fitness landscapes will be required to fully evaluate this scenario. For 217 example, our current library design only investigates two nucleotides at each variable position, 218 which represent the parsimonious or "direct" pathways between the two reference genotypes. 219 However, experimental evidence from a protein enzyme supports the idea that higher-dimensional It is interesting to note that our results are consistent with observations that have been made from 225 the computational folding and evolution of RNA secondary structures. For example, one prior 226 computational study of simple RNA secondary structures, termed "shapes", looked at the most 227 probable new shapes that are one mutation away from sequences that form a canonical tRNA 228 structure (35). The authors found that most single mutations produce very similar shapes. However, 229 they also found that there exists a high-probability that a single mutation will produce shapes with 230 considerable differences. The HDV and Ligase structures in the current study do not share any 231 structural similarity, but our results show that the shapes overlap extensively in sequence space 232 such that there is a high probability of finding one ribozyme in the neighborhood of the other. These 233 results provide a powerful validation of the insight gained from the computational studies. This 234 similarity is somewhat surprising because the ribozyme phenotypes studied here require a precise 235 tertiary structure to achieve catalysis that is not approximated in secondary structure alone. 236 Nevertheless, the canonical base pairing interactions that are predicted computationally make up a 237 large component of the structural interactions needed for ribozyme folding, which may account for 238 the similarity between the results. Regardless, our results further validate the long-standing use of 239 computational prediction of RNA structures as a realistic model of the genotype to phenotype 240 relationship, which continue to inspire experiments. This also provides motivation for continued 241 efforts to use experimental secondary structure probing methods to improve the blind prediction of 242 RNA tertiary structure (36).
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The decrease in the fitness of both functions at the intersection also suggests that intermediate forms 245 are disfavored over the sequences that can do one function well (11). The evolution of innovation 246 in this sequence space is therefore not only possible, but probable because once a population 247 discovers this region of sequence space, selection is likely to favor a genotype on one side or the 248 other. However, it remains unknown if these characteristics are common or peculiar to these 249 specific phenotypes. Further research advancements will be required to study larger expanses of 250 genotype space needed to cover more mutational positions and higher-dimensionality caused by 251 including all four nucleotides at variable positions. It will also be important to investigate if historic 252 evolutionary innovations found in natural systems have properties like the model system studied For our experiments, we first identified an HDV and a Ligase reference sequence (Fig. 1A) . For 261 this purpose, we chose sequence variants that were expected to have near wild-type ribozyme fitness 262 and that were 14 mutations apart (37). We then set out to construct a library of ribozyme sequences 263 that contained all the possible presence-absence combinations of these 14 nucleotide differences. 264 These sequence variants represent all the parsimonious intermediates on the evolutionary 265 trajectories between the two reference sequences. Library construction was accomplished by 266 chemically synthesizing a degenerate DNA oligonucleotide that would serve as a template for in 37C for 20 mins. The transcription was then terminated by adding 15 L of 50 mM EDTA. 287 Although the total amount of cleaved RNA increases during transcription, the ratio of cleaved to 288 uncleaved remains the same, as long as the rate of transcription is constant, which is true for 289 moderately short transcription times before reagents become limited (39). 20 mins was determined 290 to be the optimal time for transcription by transcribing the library at multiple time points and 291 measuring RNA levels using denaturing PAGE (Fig. S8A ). 20 mins was selected as optimal because 292 it was still during linear growth before reaching a plateau. The transcription reaction was then 293 cleaned and concentrated with Direct-zol RNA MicroPrep w/ TRI-Reagent (Zymo Research) to 7 294 L. The concentration of the RNA sample was then determined using a spectrophotometer 295 (ThermoFisher NanoDrop) and the samples were normalized to 5 M. The transcribed and cleaned 296 RNA (5 picomoles) was mixed with 20 picomoles of RT-library primer ( The ssDNA ultramer ligation library used for in vitro transcription of the ribozyme mutants was 308 annealed to the T7-TOP+ primer. 20 picomoles each of DNA template and primer were heated for 309 5 mins at 98C in 10 L water. The template and primer were then transcribed in vitro in a 30 L 310 reaction with 12 L rNTP (25mM, NEB), 3 L MEGAshortscript T7 Reaction Buffer (10X, 311 Thermo Fisher) and 3 L MEGAshortscript T7 RNA Polymerase (Thermo Fisher) at 37 C for 2 312 hours. The DNA was then degraded using 2 L TURBO DNase (2 units/L, Thermo Fisher) and 313 incubating at 37 C for 15 mins. The transcription reaction was then cleaned and concentrated with 314 Direct-zol RNA MicroPrep w/ TRI-Reagent (Zymo Research) to 7 L. The concentration of the 315 RNA sample was then determined using a spectrophotometer (ThermoFisher NanoDrop) and the 316 samples were normalized to 5 M. To assess the starting abundance of each genotype prior to in 317 vitro selection, a portion of each sample was aliquoted and reverse transcribed using the template 318 switching protocol identical to what was used for the HDV-library. The transcribed and cleaned 319 RNA (25 picomoles) was mixed with 200mM Tris pH 7.5 in a volume of 10 L and heated at 65 320 C for 2 minutes and then cooled to room temperature. 500 picomoles of ligation substrate (Table   321 1) were then added with 4 L MgCl2 (50mM) for a total volume of 20 L. The mixture was then 322 incubated for 2 hours at 37 C. To reverse transcribe the samples, 10 L of the ligation reaction 323 were heated with 40 picomoles of RT-library primer and heated to 72 C for 3 mins and then cooled 324 on ice. 4 L SMARTScribe 5x First-Strand Buffer (Clontech), 2 L dNTP (10 mM), 2 L DTT (20 325 mM), 1 L water and 1 L SMARTScribe Reverse Transcriptase (10 units, Clontech) were then 326 added to the RNA template and RT primer. The mixture was then incubated at 42 C for 90 mins. 327 The reaction was stopped and the RNA degraded by heating the sample to 72 C for 15 mins. The isolated the 14 mutational nucleotides to determine genotype. This process was repeated for each 361 experimental replicate. A genotype was considered to be a part of the corresponding genotype 362 network only if detected as catalytically active in all three replicates and had a catalytic rate above 363 the uncatalyzed cleavage or ligation rate. The uncatalyzed cleavage rate is estimated to be 7e-7 min -364 1 (40). The rates of template-directed, nonenzymatic oligonucleotide ligation are estimated to 2.4e-365 10 min -1 for 2',5'-linkage and 1.5e-8 min -1 for 3',5 '-linkage (41, 42) . Correlation coefficients were 366 determined between pairs of replicates (Fig. S9A) . The distribution of HDV and Ligase sequencing 367 read counts were also determined to verify sequencing quality (Fig. S9B ). reported. We observed detectable Ligase activity for all 16,384 sequences. We note that even the 382 lowest fitness Ligase genotypes were still observed as ligated more than 4 separate times in a given 383 replicate, and more than 32 times across all three replicates. We detected HDV activity for 9,032 384 of the sequences. The least frequent genotypes in our data that showed HDV activity were observed 385 as cleaved more than once in all three replicates, and uncleaved more than 108 times. Genotypes 386 that were not detected as cleaved in a single replicate were not considered active. This approach 387 provides a conservative estimate for genotypes belonging to a given network. Several fitness values 388 from high-throughput sequencing were then compared to values from gel-based assay for fitness 389 validation ( fig. S8c ). WAB is the fitness of the variant with both mutations, and Wwt is the fitness of the wild-type (6). 403 Epistasis was calculated for every subgraph of two mutational positions containing four genotypes. 404 405 Evolutionary Simulations 406 Computational simulations of evolution were accomplished using custom Python scripts that model 407 evolution based on the Wright-Fisher approach (26, 45) . Simulation started with 1000 individuals 408 of the same genotype. Every generation (update) a new population of 1000 genotypes was generated 409 in the following way. First, a parent genotype from the population was selected at random. The 410 fitness of the genotype was compared to a randomly selected value from a fitness range (between 411 0 and 1). If the genotype fitness was less than the random value, the genotype was not placed in the 412 new generation. If the genotype fitness was greater than or equal to the random value, it was placed 413 in the new generation, with a chance of mutating at a single, randomly chosen nucleotide position. 414 Mutations occurred if a randomly generated number was lower than the mutation rate set at the 415 beginning of the simulation and remained constant (µ = 0.01). This process was repeated until 1000 416 individuals were placed in the new generation. The simulation then repeated this process for 1000 417 generations. We carried out the simulations on the Ligase landscape starting from the 17 genotypes 418 with HDV fitness  1 and did so for a total of 100 replicates for each genotype (Fig. S2) . The 100 419 replicates for each starting genotype were averaged (Fig 4b) and the initial rate of adaptation and 420 unique genotypes explored for each starting genotype were calculated. For each simulation, initial 421 rate was determined by subtracting the population fitness at generation = 0 from the population 422 fitness at generation = 200 and dividing this value by 200 generations. We also ran simulations on 423 the HDV landscape starting from the 17 genotypes with the highest Ligase genotypes that also had 424 non-zero HDV fitness. These were repeated for 100 replicates (Fig. S5 ) and were averaged (Fig. 425 4E). Initial rate was also calculated for these simulations (Fig. 4E) . Lastly, simulations were 426 conducted on a HDV-Ligase co-selection landscape that allows selection to act upon both functions 427 simultaneously. For this model, the fitness was calculated as: WHDV*HDV+ WLigase*Ligase, where W 428 indicates the fitness of that function and  indicates a weighting parameter that can be adjusted 429 ( Fig. S6-S7 ). Otherwise, simulations were the same as above. Table S1 . Starting Genotypes used in Evolution Simulations. 444 Data file S1 HDV-Ligase fitness measurements from high-throughput sequencing assays. 445 Movie S1 Aerial overview of the HDV-Ligase fitness landscape. 446 Movie S2 Simulated evolution on Ligase landscape starting at genotype k. 447 Movie S3 Simulated evolution on Ligase landscape starting at genotype a. 448 Movie S4 Simulated evolution on Ligase landscape starting at genotype b. 449 Movie S5 Simulated evolution on Ligase landscape starting at genotype m. 450 Movie S6 Simulated evolution on HDV landscape starting at genotype A. Theor. Biol. 128, 11-45 (1987) . Bonds. J. Am. Chem. Soc. 118, 3340-3344 (1996) . Template-Directed Oligoribonucleotide Ligation. J. Am. Chem. Soc. 118, 3332-3339 (1996) . that cause periods of stasis in the Ligase landscape. The fitness of the stasis genotype is plotted at mutations = 0 628 and this starting fitness is marked with a dashed line. The fitness of neighboring genotypes that differ by 1 or 2 629 mutations are shown. Distributions of initial rates of adaptation during simulations on the HDV landscape. (G) 630
Distributions of initial rates of adaptation during simulations on the HDV landscape. (H) Sign epistasis in the 631 local fitness landscape of genotypes that cause periods of stasis in the HDV landscape. 632 633 Below each plot is the range of mutations needed to go from one network to the other. The distribution of the 642 number of mutations required is displayed for each fitness cut-off in Fig. 2A . 643 644 645 646
Fig. S2 Rate of adaptation for populations starting from different genotypes on the Ligase landscape. 647
Each trace shows the increase in population fitness over generation time for a single simulation of 1000 648 individuals. Each plot shows 100 simulations starting from the same genotype. All starting genotypes has HDV 649 fitness  1. The letter above each subplot indicates the starting point from the network as shown in Fig. 3a . 650
Letters were assigned alphabetically based on highest to lowest HDV fitness and genotype a represents the 651 genotype with the highest measured HDV fitness. The graphs are ordered from fastest to slowest initial rates 652 (Fig. 4D ). 653 Fig. S3 Trajectories away from stasis genotypes. (A) Each line leads from the stasis genotype (Mutations = 0) 655 to one and two mutations away. All 69 stasis genotypes (peaks) in the Ligase fitness landscape are depicted. 656
The number on each graph represents the number of two mutation pathways to higher fitness from each stasis 657 genotype. Yellow box indicates the genotype with the highest measured Ligase fitness. (B) The distribution of 658 two mutation pathways to higher fitness genotypes from each stasis genotypes in the Ligase landscape. The 659 dotted vertical line indicates the mean of the distribution. Fig. 4d is depicted in the center with each 662 of the two mutation trajectories. None of the 182 two mutation trajectories lead to higher fitness than the stasis 663 genotype (mutation = 0). The pathways two mutations from each of the 14 genotypes that are a single mutation 664 away from the stasis genotype are individually depicted. In total, 42 out of a possible 2,184 three mutation 665 trajectories yield a higher fitness than the initial stasis genotype (dashed line). Fig. 3a . Letters were assigned alphabetically based on highest to lowest Ligase 672 fitness and genotype A represents the genotype with the highest measured Ligase fitness. The 673 graphs are ordered from fastest to slowest initial rates (Fig. 4E ). data point represents the frequency that a specific sequence was observed in a particular replicate (y-axis) vs. 707
another replicate (x-axis). Sequence kernel density estimation is also reported from each replicate in the 708 jointplot (Seaborn). The number of reads on the x and y-axis are log10 transformed. (B) Distribution of 709 sequencing read counts. Histograms indicating the average read counts for each individual genotype for the HDV 710
and Ligase samples. The mean read count for each genotype in HDV and Ligase replicates was 369 and 230, 711
respectively. (C) Error rates calculated from base miscalls in the PhiX reference genome. Error rate (y-axis) is 712
shown for the 14 positions (x-axis) where our genotypes are defined. Each position is read in four different 713 sequencing cycles, and error rates are reported as the average error rate of these four cycles. Dashed blue line 714
indicates the average error rate across all 14 mutational positions. Error rates are calculated by aligning each 715
PhiX sequence read in our data to the reference PhiX genome and counting mismatches at each sequence cycle. 716 
